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1 Summary
This Appendix describes the R code used to simulate movement paths from the “double” and
“patch” models (see Methods), and the JAGS code used to fit the movement models to the
simulated data. Explanations of the parameters in the simulation models, and the prior
distribution sampling strategy in the Bayesian state-space models are provided. The last section
of the Appendix contains a table of the fit parameter values from the “‘double” model for each
of the 34 moose used in the case study.
2 Movement path simulations in R
Here we provide R functions (“simdouble” and “simpatch”) and examples that can be used to
simulate movement paths based on the two models we present.
The inputs to the “simdouble” function are the parameters describing the gamma distributed
step lengths (a, b) and the wrapped Cauchy distributed turn angles (mu, rho), the probability that
a location is associated with behavioural state 2 (gamma), the number of steps in the path
(nsteps) and the start location (sx, sy). The parameters a, b, mu, and rho are vectors of length 2,
corresponding to the distributions associated with behavioural states 1 and 2 respectively.
simdouble <- function(a,b,mu,rho,gamma,nsteps,sx,sy){
require(CircStats)
xc <- rep(0,(nsteps+1))
yc <- rep(0,(nsteps+1))
sl <- rep(0,(nsteps+1))
ta <- rep(0,(nsteps+1))
brg <- rep(0,(nsteps+1))
mm <- rep(0,(nsteps+1))
id <- seq(1,(nsteps+1))
xc[1] <- sx
yc[1] <- sy
brg[1] <- runif(1,0,2*pi)
mm[1] <- rbinom(1,1,gamma)+1
sl[1] <- rgamma(1,b[mm[1]],a[mm[1]])
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ta[1] <- -999
for (i in 2:(nsteps+1)){
xc[i] <- xc[i-1] + (sl[i-1] * sin(brg[i-1]))
yc[i] <- yc[i-1] + (sl[i-1] * cos(brg[i-1]))
mm[i] <- rbinom(1,1,gamma)+1
ta[i] <- rwrpcauchy(1,mu[mm[i]],rho[mm[i]])
sl[i] <- rgamma(1,b[mm[i]],a[mm[i]])
brg[i] <- brg[i-1]+ta[i]
if (brg[i]>(2*pi)) { brg[i] <- brg[i] - (2*pi) } else {
if (brg[i]<0) { brg[i] <- brg[i] + (2*pi) }
}
}
return(list(xc=xc, yc=yc, sl=sl, ta=ta, mm=mm, brg=brg, id=id))
}
The inputs to the “simpatch” function are the same as that for the “simdouble” function for
parameters a, b, mu, rho, nsteps, sx, and sy. In addition, parameters fsr and sfr are both vectors of
length 2 that describe the rate of switching behavioural states from fast to slow, and slow to fast,
respectively as a function of the length of time (number of steps in our code) the agent has been
in the current state. The index position in the vector corresponds to the current behavioural state.
These two vectors correspond to rows of the 2 × 2 matrix λ described in the Methods section.
Habitat patches are assumed to be circles of a constant radius arranged on a regular grid in
these simulations. The variables habx and haby correspond to the centres of those circles, and
the radius parameters is the radius of the habitat patches.
simpatch <- function(a,b,mu,rho,fsr,sfr,nsteps,sx,sy,habx,haby,radius){
require(CircStats)
nu <- c(0,0)
mmswitch <- matrix(0, nrow=2, ncol=2)
mmswitch[1,1] <- 1
mmswitch[2,2] <- 1
xc <- rep(0,(nsteps+1))
yc <- rep(0,(nsteps+1))
sl <- rep(0,(nsteps+1))
ta <- rep(0,(nsteps+1))
brg <- rep(0,(nsteps+1))
mm <- rep(0,(nsteps+1))
id <- seq(1,(nsteps+1))
hab <- rep(0,(nsteps+1))
restime <- rep(0,(nsteps+1))
hab[1] <- gethab(habx,haby,radius,sx,sy)
nu[1] <- 1-exp(sfr[hab[1]]*restime[1])
nu[2] <- exp(fsr[hab[1]]*restime[1])
xc[1] <- sx
yc[1] <- sy
brg[1] <- runif(1,0,2*pi)
mm[1] <- rbinom(1,1,nu[1])+1
sl[1] <- rgamma(1,b[mm[1]],a[mm[1]])
ta[1] <- -999
for (i in 2:(nsteps+1)){
xc[i] <- xc[i-1] + (sl[i-1] * sin(brg[i-1]))
yc[i] <- yc[i-1] + (sl[i-1] * cos(brg[i-1]))
hab[i] <- gethab(habx,haby,radius,xc[i],yc[i])
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restime[i] <- restime[i-1]+1
nu[1] <- 1-exp(sfr[hab[i]]*restime[i])
nu[2] <- exp(fsr[hab[i]]*restime[i])
mm[i] <- rbinom(1,1,nu[mm[i-1]])+1
restime[i] <- restime[i]*mmswitch[mm[i-1],mm[i]]
ta[i] <- rwrpcauchy(1,mu[mm[i]],rho[mm[i]])
sl[i] <- rgamma(1,a[mm[i]],b[mm[i]])
brg[i] <- brg[i-1]+ta[i]
if (brg[i]>(2*pi)) { brg[i] <- brg[i] - (2*pi) } else {
if (brg[i]<0) { brg[i] <- brg[i] + (2*pi) }
}
}
return(list(xc=xc, yc=yc, sl=sl, ta=ta, mm=mm, brg=brg, id=id,
hab=hab, restime=restime))
}
The following function is required by the simpatch function; it determines what habitat type
(1 or 2) a point in space falls within:
gethab <- function(habx,haby,radius,testx,testy){
#returns 1 if inside radius, 2 otherwise
hv <- 2
for (i in 1:length(habx)){
dst <- ((habx[i]-testx)ˆ2 + (haby[i]-testy)ˆ2)ˆ0.5
if (dst < radius) {
hv <- 1
break
}
}
return(hv)
}
We also provide a simple function for plotting the simdouble movement paths:
plotdouble <- function(path){
plot(path$xc,path$yc,type="n",main="",xlab="x",ylab="y")
lines(path$xc,path$yc,col="grey60")
recs <- which(path$mm==1)
points(path$xc[recs],path$yc[recs],col="red")
recs <- which(path$mm==2)
points(path$xc[recs],path$yc[recs],col="green3")
}
and the simpatch movement paths:
plotpatch <- function(path){
plot(path$xc,path$yc,type="n",main="",xlab="x",ylab="y",asp=1)
symbols(hcx,hcy,circles=rep(radius,length(hcx)),add=T,fg="grey50",
bg="grey70",inches=F)
lines(path$xc,path$yc,col="grey60")
recs <- which(path$mm==1)
points(path$xc[recs],path$yc[recs],col="red")
recs <- which(path$mm==2)
points(path$xc[recs],path$yc[recs],col="green3")
}
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2.1 Simulation examples
To simulate movement paths using this code the optional Circstats library must be installed in R,
and the above functions must be copied and pasted into R. An example of the R code for
simulating and displaying a “double” model movement path is:
b <- c(1,9)
a <- c(0.02,0.06)
mu <- c(pi,0)
rho <- c(0.2,0.5)
gamma <- 0.6
sx <- 50000
sy <- 50000
nsteps <- 300
path <- simdouble(a,b,mu,rho,gamma,nsteps,sx,sy)
plotdouble(path)
An example of the R code for simulating and displaying a “patch” model movement path
follows:
a <- c(1,16)
b <- c(0.02,0.08)
mu <- c(pi,0)
rho <- c(0.2,0.7)
sx <- 50000
sy <- 50000
nsteps <- 300
radius <- 250
intvl <- seq(0,100000,950)
hcx <- rep(intvl, length(intvl))
hcy <- rep(intvl, each=length(intvl))
sfr <- c(-0.06, -0.9)
fsr <- c(-1.2,-0.08)
path <- simpatch(a,b,mu,rho,fsr,sfr,nsteps,sx,sy,hcx,hcy,radius)
plotpatch(path)
A convenient method for saving this path information to a data format that can be used by
JAGS, WinBUGS and OpenBUGS is:
require(runjags)
ones <- rep(1,500)
mdata <- dump.format(list(N=length(path$ta[-1]), ta=path$ta[-1],
mr=path$sl[-1], ones=ones))
datastring <- paste(mdata, "\n", sep = "")
cat(datastring, file="data.txt")
Note that the components of the list in the third line will change depending on what model is
being fit. Here, we include the number of steps, the vector of turn angles, the vector of step
lengths or movement rates, and a vector of ones that is used to fit the wrapped Cauchy
distribution.
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3 Fitting the Bayesian state-space models
The Bayesian state-space model for fitting the “double” movement model is:
model{
for(t in 1:N){
nu[t,1] ˜ dunif(0,1)
nu[t,2] <- 1 - nu[t,1]
idx[t] ˜ dcat(nu[t,])
mr[t] ˜ dgamma(b[idx[t]], a[idx[t]])
ones[t] ˜ dbern(wc[t])
wc[t] <- (1/(2*Pi)*(1-rho[idx[t]]*rho[idx[t]])/(1+rho[idx[t]]*
rho[idx[t]]-2*rho[idx[t]]*cos(ta[t]-mu[idx[t]])))/500
}
mn[1] ˜ dnorm(0.0, 0.001)I(0.0,)
eps ˜ dnorm(0.0, 0.001)I(0.0,)
mn[2] <- mn[1] + eps
b[1] ˜ dgamma(0.01,0.001)
eps2 ˜ dnorm(0.0, 0.001)I(0.0,)
b[2] <- b[1] + eps2
a[1] <- b[1]/mn[1]
a[2] <- b[2]/mn[2]
mu[1] ˜ dunif(-32.98672,32.98672)
mu[2] ˜ dunif(-32.98672,32.98672)
eps3 ˜ dunif(0,1)
eps4 ˜ dunif(0,1)
rho[1] <- min(eps3, eps4)
rho[2] <- max(eps3, eps4)
Pi <- 3.14159265359
}
The prior distributions are designed to be vague. For most parameters this involves sampling
from a uniform distribution over the valid range of the prior. The turn angles are sampled over
the range −10.5pi to 10.5pi rather than −pi to pi. This helps to prevent a problematic boundary
condition on the circular distribution at pi. The posterior samples of mu are rescaled to the range
−pi to pi.
There are two mild constraints implemented in this model: 1) the mean step length of the
exploratory state (state 2) must be larger than that of the encamped state (state 1); and 2) the
dispersion of the turn angle distribution of the exploratory state must be less than that of the
encamped state (it must have a larger value of rho).
Because the mean of a gamma distribution is a function of both parameters, a constraint on
the mean must be implemented as a two-step process. First, we sample the mean step length
(parameter mn) of each of the behavioural states. These means are then used to constrain the
estimates of the two gamma distribution parameters: b is sampled from a vague prior, and a is
calculated deterministically using the mean of the distribution and sampled parameter b.
Parameter rho has a range of [0-1]. The constraint on rho is implemented by sampling two
uniform random values in the range [0-1], and assigning the larger one to the exploratory state,
and the smaller one to the encamped state, thereby ensuring that ρ2 > ρ1.
The Bayesian state-space model for fitting the “patch” movement model is:
model{
for(t in 2:N){
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nu[t,1] <- 1 - exp(-sfr[hab[t]]*(restime[t-1]+1))
nu[t,2] <- exp(-fsr[hab[t]]*(restime[t-1]+1))
nu2[t,2] <- nu[t,idx[t-1]]
nu2[t,1] <- 1- nu2[t,2]
idx[t] ˜ dcat(nu2[t,])
restime[t] <- (restime[t-1]+1)*mmswitch[idx[t-1],idx[t]]
mr[t] ˜ dgamma(b[idx[t]], a[idx[t]])
ones[t] ˜ dbern(wc[t])
wc[t] <- (1/(2*Pi)*(1-rho[idx[t]]*rho[idx[t]])/(1+rho[idx[t]]*
rho[idx[t]]-2*rho[idx[t]]*cos(ta[t]-mu[idx[t]])))/500
}
mn[1] ˜ dnorm(0.0, 0.0001)I(0.0,)
eps ˜ dnorm(0.0, 0.0001)I(0.0,)
mn[2] <- mn[1] + eps
b[1] ˜ dnorm(0,0.001)I(0,)
eps2 ˜ dnorm(0,0.001)I(0,)
b[2] <- b[1] + eps2
a[1] <- b[1]/mn[1]
a[2] <- b[2]/mn[2]
mu[1] ˜ dunif(-32.98672,32.98672)
mu[2] ˜ dunif(-32.98672,32.98672)
eps3 ˜ dunif(0,1)
eps4 ˜ dunif(0,1)
rho[1] <- min(eps3, eps4)
rho[2] <- max(eps3, eps4)
sfr[1] ˜ dunif(0,1)
sfr[2] ˜ dunif(0,1)
fsr[1] ˜ dunif(0,1)
fsr[2] ˜ dunif(0,1)
Pi <- 3.14159265359
idx[1] <- 1
restime[1] <- 0
}
This model employs a similar strategy for sampling from prior distributions.
The series of JAGS commands that is used to define the number of MCMC chains, which
parameters to monitor, and write the posterior distribution sample (coda) data is, for example:
model in "model.txt"
data in "data.txt"
compile, nchains(3)
load dic
initialize
update 5000
monitor a, thin(25)
monitor b, thin(25)
monitor mu, thin(25)
monitor rho, thin(25)
monitor deviance, thin(25)
monitor pD, thin(25)
update 25000
coda *, stem("coda")
monitor clear a
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monitor clear b
monitor clear mu
monitor clear rho
monitor clear deviance
monitor clear pD
monitor nu, thin(25)
update 2500
coda *, stem("codanu")
It is most convenient to save these commands to a text file (e.g. script.txt), and then run them
at a command prompt by typing: jags script.txt.
4 Case study: moose movement
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Figure 1: Example of the empirical (grey histograms) and fitted (blue lines) movement rate and
turn angle distributions for the exploratory and encamped state for one moose. In this example
the exploratory state is characterized by higher movement rates (top left panel) and greater direc-
tional persistence (bottom left) than in the encamped state, in which movement rates are low (top
right) and the animal turns frequently (bottom right). Turn angle are expressed in radians (0-2pi)
whereby a value of 0 or 2pi indicates a propensity to move straight ahead.
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Table 1: Fitted parameters for the double model for each of 34 moose paths. The encamped
behavioural state is indicated by subscript 1, and the exploratory state by subscript 2. Parameters
a and b correspond to the rate and shape parameters of the gamma distribution of movement rates
respectively. Parameters µ and ρ correspond to the mean turn angle and dispersion of the wrapped
Cauchy distributed turning angles respectively. The overall separation between the distributions
(∆) was calculated as the square root of the sum of the squares of the separation between the
movement rate distributions (∆d) and the turn angle distributions (∆θ).
id a1 × 102 b1 µ1 ρ1 a2 × 102 b2 µ2 ρ2 ∆d ∆θ ∆
1 5.3 1.3 3.0 0.06 0.9 1.3 2.6 0.08 0.64 0.04 0.64
2 3.7 1.0 3.1 0.23 0.7 1.1 -0.3 0.24 0.57 0.29 0.64
3 4.0 1.3 2.8 0.08 0.7 1.3 0.0 0.1 0.62 0.13 0.63
4 5.2 1.4 3.1 0.07 1.1 1.4 2.8 0.09 0.61 0.04 0.61
5 4.5 1.3 3.7 0.07 0.8 1.4 0.6 0.11 0.64 0.12 0.65
6 4.8 1.3 2.9 0.16 0.8 1.3 4.1 0.17 0.63 0.12 0.64
7 4.4 1.1 3.5 0.14 0.7 1.1 3.1 0.15 0.61 0.05 0.62
8 3.8 1.4 2.8 0.08 1.0 1.4 -0.1 0.25 0.55 0.21 0.59
9 5.0 1.2 3.3 0.16 1.0 1.2 3.0 0.18 0.57 0.04 0.58
10 4.7 1.1 3.2 0.23 0.8 1.1 -0.1 0.24 0.59 0.29 0.66
11 3.8 1.3 3.2 0.06 0.7 1.3 4.2 0.08 0.59 0.05 0.59
12 4.6 1.3 3.3 0.18 0.7 1.4 0.1 0.19 0.68 0.24 0.72
13 4.9 1.3 3.1 0.14 1.1 1.3 3.1 0.18 0.56 0.04 0.56
14 4.5 1.3 3.2 0.16 0.9 1.3 3.3 0.18 0.59 0.03 0.59
15 2.5 1.2 4.0 0.07 0.7 1.2 -0.1 0.27 0.49 0.20 0.53
16 5.2 1.2 3.2 0.17 0.9 1.2 -0.2 0.18 0.61 0.22 0.65
17 2.5 1.1 3.5 0.08 0.6 1.2 0.1 0.19 0.52 0.18 0.55
18 4.9 1.3 3.3 0.18 1.1 1.3 3.5 0.20 0.57 0.04 0.57
19 4.2 1.2 3.0 0.14 0.9 1.2 3.4 0.17 0.53 0.04 0.53
20 5.0 1.4 2.6 0.12 1.3 1.4 3.2 0.16 0.51 0.07 0.52
21 6.0 1.2 3.2 0.20 0.8 1.3 0.3 0.21 0.69 0.25 0.73
22 6.3 1.3 3.2 0.12 1.3 1.4 2.7 0.13 0.60 0.04 0.61
23 2.5 1.1 2.9 0.13 0.7 1.2 0.2 0.18 0.48 0.19 0.51
24 4.3 1.2 3.2 0.15 0.8 1.2 3.4 0.17 0.59 0.05 0.60
25 5.3 1.3 3.0 0.09 0.9 1.3 2.2 0.10 0.64 0.06 0.64
26 2.6 1.3 0.2 0.03 0.7 1.5 0.0 0.29 0.56 0.16 0.58
27 6.4 1.4 3.3 0.16 1.2 1.4 3.0 0.18 0.62 0.04 0.62
28 5.4 1.4 2.8 0.11 1.0 1.4 3.7 0.12 0.63 0.06 0.64
29 3.4 1.2 3.4 0.07 0.8 1.2 -0.1 0.32 0.55 0.25 0.61
30 5.6 1.4 2.9 0.10 1.3 1.4 3.4 0.15 0.58 0.06 0.58
31 3.8 1.3 3.1 0.08 1.1 1.3 3.5 0.10 0.50 0.04 0.50
32 3.5 1.2 3.2 0.15 0.9 1.3 0.0 0.18 0.51 0.20 0.55
33 3.7 1.4 -0.7 0.03 0.7 1.4 0.0 0.15 0.60 0.08 0.61
34 3.5 1.2 3.6 0.03 0.6 1.2 0.1 0.21 0.60 0.17 0.63
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